Recent studies have demonstrated that prestimulus alpha-band activity substantially influences perception of near-threshold stimuli. Here, we studied the influence of prestimulus alpha power fluctuations on temporal perceptual discrimination of suprathreshold tactile stimuli and subjects' confidence regarding their perceptual decisions. We investigated how prestimulus alpha-band power influences poststimulus decision-making variables. We presented electrical stimuli with different stimulus onset asynchronies (SOAs) to human subjects, and determined the SOA for which temporal perceptual discrimination varied on a trial-by-trial basis between perceiving 1 or 2 stimuli, prior to recording brain activity with magnetoencephalography. We found that low prestimulus alpha power in contralateral somatosensory and occipital areas predicts the veridical temporal perceptual discrimination of 2 stimuli. Additionally, prestimulus alpha power was negatively correlated with confidence ratings in correctly perceived trials, but positively correlated for incorrectly perceived trials. Finally, poststimulus event-related fields (ERFs) were modulated by prestimulus alpha power and reflect the result of a decisional process rather than physical stimulus parameters around ∼150 ms. These findings provide new insights into the link between spontaneous prestimulus alpha power fluctuations, temporal perceptual discrimination, decision making, and decisional confidence. The results suggest that prestimulus alpha power modulates perception and decisions on a continuous scale, as reflected in confidence ratings.
Introduction
Decision making can be understood as a process in which sensory evidence is accumulated in a decision variable. If sensory evidence is sufficiently strong and available for a sufficiently long time, the decision variable accumulates until a decision bound for either decision is reached (see Gold and Shadlen 2007 for a review). In some situations, however, sensory evidence is ambiguous, providing equal sensory evidence for each decisional option. In other situations, sensory evidence is weak or presented insufficiently long for the decision variable to reach a decision bound. Consequently, decisions have to be made based on incomplete or equivocal sensory evidence, frequently causing incorrect decisions and low confidence in the decision. In addition, decision making is not only determined by sensory evidence, but also by trial-to-trial fluctuations of neuronal activity, usually interpreted as internal noise (Ratcliff and McKoon 2007; O'Connell et al. 2012) .
Recent studies, however, demonstrated that fluctuations of neuronal activity can have a functional role for the perception of weak and ambiguous stimuli. Specifically neuronal oscillatory activity in the alpha band (∼8-12 Hz) has drawn much attention. Prestimulus alpha power is modulated by attention (e.g., Foxe et al. 1998; Worden et al. 2000) and prestimulus power and phase in early sensory areas are correlated with perception (Linkenkaer-Hansen et al. 2004; van Dijk et al. 2008; Mazaheri et al. 2009; Wyart and Tallon-Baudry 2009; Jensen and Mazaheri 2010; Romei et al. 2010; Keil et al. 2014) . Furthermore, it has been shown that prestimulus oscillatory activity can influence poststimulus evoked responses (Başar et al. 1984; Brandt and Jansen 1991; Mazaheri and Jensen 2008; Jones et al. 2009 Jones et al. , 2010 Anderson and Ding 2011; Lange et al. 2012) . The influence of prestimulus oscillatory activity on decision variables remains largely unknown. In addition, the influence of prestimulus oscillatory activity on subjective confidence in perceptual decisions is unknown. Subjective confidence represents a measure of the degree to which a decision maker believes in the correctness of his decisions and thus provides an insight into decisional processes on a fine-grained scale (Kiani and Shadlen 2009 ). Moreover, it remains unexplained how the brain forms decisions when sensory evidence is insufficient to reach a decision bound, for example, due to sensory ambiguity.
To test how prestimulus alpha-band power biases perceptual decisions and the underlying neuronal decision variable in humans, we presented electrical stimuli with different stimulus onset asynchronies (SOAs) and compared 2 subjectively ambiguous experimental conditions in which physically identical tactile stimuli were perceived differently on a trial-by-trial basis. We used magnetoencephalography (MEG) and a forced-choice temporal perceptual discrimination task to investigate whether fluctuations of prestimulus neuronal oscillatory activity are related to the trial-to-trial variability of decisions and how prestimulus oscillatory activity influences the decision variable. We hypothesized that prestimulus alpha power correlates with temporal perceptual discrimination rate, with lower alpha power levels related to increased veridical temporal perceptual discrimination. Further, we expected that characteristics of the decisionmaking process would be evident in neural activity in the form of poststimulus event-related fields (ERFs). This should result in differences of neuronal activity for trials with different decisional outcomes, despite identical physical stimulation. Additionally, we hypothesized that prestimulus alpha power would influence this decision-related neuronal activity.
Materials and Methods

Subjects
Sixteen, right-handed subjects (7 males, age: 26.1 ± 4.7 years [mean ± SD]) participated in the study after providing written informed consent in accordance with the Declaration of Helsinki. All participants had normal or corrected-to-normal vision and reported no somatosensory deficits or known history of neurological disorders.
Experimental Design and Paradigm
The experimental task was designed to compare 2 conditions with identical physical stimuli, differing only in the participant's perception. Each trial started with the presentation of a start cue (500 ms; Fig. 1 ). Next, the cue decreased in luminance, indicating the prestimulus period (900-1100 ms), after which the subjects received either 1 or 2 short (0.3 ms) electrical pulses, applied by 2 electrodes placed between the 2 distal joints of the left index finger. The amplitude of the pulses was determined individually to a level clearly above subjective perception threshold, but below pain threshold (4.1 ± 1.2 mA [mean ± SD]). Note that all comparisons of conditions were performed at the within-subject level. Therefore, only conditions with identical stimulation parameters were compared (for details, see MEG Data Acquisition and Analysis). The electrical pulses were applied with varying SOAs: short (0 ms, i.e., only one stimulus was applied), long (100 ms), and 3 SOAs individually determined in a premeasurement. These 3 individual SOAs included a SOA for which subjects reported to perceive one electrical pulse in ∼50% of the trials, whereas in the other ∼50% of the trials 2 pulses were perceived (SOA: 25.9 ± 1.9 ms (mean ± standard error of the mean [SEM])). Subsequently, this condition will be labeled the intermediate SOA. The remaining 2 SOAs encompassed the intermediate SOA by ±10 ms and were included to minimize learning effects and response biases. A training phase of ∼5 min containing all possible SOAs preceded the experiment to familiarize subjects with the paradigm. The electrical stimulation was followed by a jittered poststimulus period of 500-1200 ms to minimize motor preparation effects, during which the fixation dot remained visible. Next, a written instruction indicated the start of the first response window. Subjects first reported whether they perceived the stimulation as 1 single or 2 temporally separate sensations. Responses were given by button-presses with the index or middle finger of the right hand, while button configurations were randomized from trial to trial to minimize motor preparation effects. Subjects were instructed to report within 3000 ms after presentation of response instructions. Due to the jittered poststimulus epoch (500-1200 ms) which determined the beginning of the subsequent response window, response speed was not taken into . After a jittered poststimulus period (500-1200 ms), written instructions indicate the first response window and subjects report their perception of the stimulation by button-press. Subsequently, written instructions indicate the second response window and subjects report their decisional confidence by button-press. account. If no response was given after 3000 ms or the subject responded before the presentation of the instructions, a warning was presented visually. The respective trial was discarded from analysis and repeated at the end of the block. After reporting their subjective perception, written instructions indicated a second response window. Here, subjects rated their subjective confidence level regarding their first response. The confidence level was assessed via a 4-point rating scale, ranging from "very sure" to "very unsure." Once both responses were given, the next trial started. With the exception of the aforementioned warning signal, no further feedback was given. All visual stimuli were projected on the backside of a translucent screen (60 Hz refresh rate) positioned 60 cm in front of the subjects.
Each SOA was presented in 50 trials. To increase statistical power, the intermediate SOA was presented 4 times as often as the other SOAs (i.e., 200 trials). 80 trials constituted one block with each block containing 10 repetitions (40 for the intermediate condition) of each SOA presented in pseudorandom order. Blocks were repeated 5 times, interrupted by self-paced breaks of ∼2 min, resulting in an overall 400 trials. The approximate total duration of the MEG measurement was ∼45-50 min (400 trials with a trial length of ∼6 s on average [4-8.6 s], interrupted by up to 4 self-paced breaks of ∼2 min).
Stimulus presentation was controlled using Presentation software (Neurobehavioral Systems, Albany, NY, USA). Before MEG recording, each subject received instructions of the task but remained naïve to the purpose of the experiment and the different SOAs used.
Behavioral Data Analysis
Behavioral data were analyzed with regard to correct responses and compared across conditions by means of a paired sample t-test. Prior to this, a Kolgomorov-Smirnov test was applied to ensure that the respective distributions did not differ from a Gaussian distribution. Further, we investigated learning/fatigue trends in the perceptual responses and confidence ratings by dividing experimental trials in 12 bins and computing the average temporal perceptual discrimination rate (i.e., perceived 2 stimuli or 1 stimulus) as well as the average confidence rating over subjects for each bin. Subsequently, we fitted a linear regression to the data in order to determine a linear trend.
MEG Data Acquisition and Analysis
Data Recording and Preprocessing
Ongoing neuromagnetic brain activity was continuously recorded at a sampling rate of 1000 Hz using a 306-channel whole head MEG system (Neuromag Elekta Oy, Helsinki, Finland), including 204 planar gradiometers (102 pairs of orthogonal gradiometers) and 102 magnetometers. Data analysis in the present study was restricted to the planar gradiometers. Additionally, electro-oculograms were recorded for offline artifact rejection by applying electrodes above and below the left eye as well as on the outer sides of each eye. Subjects' head position within the MEG helmet was registered by a head position indication system (HPI) built up of 4 coils placed at subjects' forehead and behind both ears. A 3-T MRI scanner (Siemens, Erlangen, Germany) was used to obtain individual full-brain high-resolution standard T 1 -weighted structural magnetic resonance images (MRIs). The MRIs were offline aligned with the MEG coordinate system using the HPI coils and anatomical landmarks (nasion, left and right preauricular points).
Data were offline analyzed using custom-made Matlab (The Mathworks, Natick, MA, USA) scripts, the Matlab-based open source toolbox FieldTrip (http://fieldtrip.fcdonders.nl; Oostenveld et al. 2011) , and SPM8 (Litvak et al. 2011) . Continuously recorded data were segmented into trials, starting with the appearance of the first fixation dot and ending with the second response of the subject. All trials were semiautomatically and visually inspected for artifacts, whereas artifacts caused by muscle activity, eye movements, or SQUID jumps were removed semiautomatically using a z-score-based algorithm implemented in FieldTrip. Excessively noisy channels were removed as well and reconstructed by an interpolation of neighboring channels. In addition, power line noise was removed from the segmented data by using a band-stop filter encompassing the 50, 100, and 150 Hz components. Further preprocessing steps were applied according to the respective analyses.
Time-Frequency Analysis
For exploratory reasons, we first performed a time-frequency analysis on all frequencies between 2 and 40 Hz for all time points (−900 to 500 ms, Fig. 2A ). We focused our analysis on the effects of alpha power (8-12 Hz) in the prestimulus epoch (−900 to 0 ms) on perceptual decisions, that is, the responses to the temporal perceptual discrimination task. First, the linear trend and mean of every epoch were removed from each trial. Timefrequency representations for each trial were computed by applying a Fourier transformation on adaptive sliding time windows containing 7 full cycles of the respective frequency f (Δt = 7/f ), moved in steps of 50 ms and 2 Hz (van Dijk et al. 2008; Mazaheri et al. 2009; Lange et al. 2012) . Data segments were tapered with a single Hanning taper, resulting in a spectral smoothing of 1/Δt. Spectral power was averaged over the alpha band separately for each trial. Alpha power was estimated independently for each of the 204 gradiometers. Subsequently, gradiometer pairs were combined by summing spectral power across the 2 orthogonal channels, resulting in 102 pairs of gradiometers. We sorted the trials with respect to the SOA for each subject separately. For all trials with intermediate SOA, we separated and compared trials with reports of 1 perceived stimulus to trials with 2 perceived stimuli. With this approach, we were able to compare 2 sets of decisional outcomes, which differed only in the subjects' temporal perceptual discrimination of the stimuli, though not regarding their physical properties. Due to the fact that, only for the intermediate condition, a sufficiently high number of trials for both decisional outcomes ( perceived 1 stimulus or 2 stimuli) were available, only trials with intermediate SOA entered the analysis. In the following, trials in which stimulation was perceived as 2 temporally separate stimuli will be labeled correctly perceived trials, whereas trials in which stimulation was perceived as 1 single stimulus will be labeled incorrectly perceived trials. To test for statistically significant power differences between sets, we used a cluster-based nonparametric randomization approach (Maris and Oostenveld 2007) . In a first step, we compared averaged alpha power between both sets of decisional outcomes (correct and incorrect, i.e., perceived 2 stimuli or 1 stimulus) for each subject independently in all channels and all time points in the prestimulus time window (−900 to 0 ms). Comparison between sets was performed by subtracting the power of both sets and dividing the difference by the variance (equivalent to an independent sample t-test). This step serves as a normalization of interindividual differences (Hoogenboom et al. 2010; Lange et al. 2011 Lange et al. , 2013 . The comparison was done independently for each time sample and channel, resulting in a time-channel map of pseudo-t-values for each subject. For group-level statistics, we analyzed the consistency of pseudo-t-values over subjects by means of a nonparametric randomization test identifying clusters in time-channel space showing the same effect. Neighboring channels were defined on the basis of spatial adjacency, with spatial clusters requiring a minimum amount of 2 neighboring channels. Spatially and temporally adjacent pseudo-t-values exceeding an a priori-defined threshold (P < 0.05) were combined to a cluster. t-values within a cluster were summed up and used as input for the second-level cluster statistic. Next, we computed a reference distribution by randomly permuting the data, assuming no differences between statistical conditions and exchangeability of the data. This process of random assignment was repeated 1000 times, resulting in a summed cluster t-value for each repetition. The proportion of elements in the reference distribution exceeding the observed maximum cluster-level test statistic was used to estimate a P-value for each cluster. This statistical approach effectively controls for the Type I error rate due to multiple comparisons across time points and channels (Maris and Oostenveld 2007) .
Source Reconstruction
To identify the cortical sources of the statistically significant effects displayed on sensor level, we calculated source-level power estimates by means of an adaptive spatial filtering technique (DICS, Gross et al. 2001) . To this end, a regular 3D grid with 1 cm resolution was applied to the Montreal Neurological Institute (MNI) template brain. Individual grids for each subject were computed by linearly warping the structural MRI of each subject onto the MNI template brain and applying the inverse of the warp to the MNI template grid. For one subject, no individual structural MRI was available; hence, we used the MNI template brain instead. A lead-field matrix was computed for each grid point employing a realistically shaped single-shell volume conduction model (Nolte 2003) . Subsequently, the cross-spectral density (CSD) matrix between all MEG gradiometer sensor pairs was computed for the alpha band by applying a Fourier transformation on time windows of interest. Time windows of interest were based on the significant clusters of the group analysis on sensor level (Fig. 2B ). Using the CSD and lead-field matrix, common spatial filters were constructed for each individual grid point. To this end, we pooled trials with intermediate SOA over both sets of decisional outcomes and computed a common spatial filter for each subject. CSD matrices of single trials were projected through those filters, resulting in single-trial estimates of source power (Hoogenboom et al. 2010; Lange et al. 2012) , and further sorted according to decisional outcome. In line with the analysis on sensor level, power was contrasted between both sets of decisional outcomes. Similarly to the sensor-level analysis, the resulting individual source parameters were statistically compared across subjects by means of a nonparametric randomization test (Maris and Oostenveld 2007) which effectively controls for the Type I error rate. Group results were displayed on the MNI template brain in form of t-values. Finally, cortical sources were identified using the AFNI atlas (http://afni.nimh.nih.gov/ afni), integrated into FieldTrip.
Since 
Correlation of Prestimulus Power, Perceptual Decisions, and Confidence Ratings
To examine the relationship between prestimulus power and perceptual decisions, we averaged spectral power over time, frequency, and sensors and correlated averaged power values with perceptual decisions. To this end, we selected the sensors and time points showing a significant difference between decisional outcomes (see above, Fig. 2B ). Note that this approach resembles a post hoc statistical analysis in the sense that sensor selection was based on those sensors showing a significant difference in the alpha band (see above, Fig. 2B ). Averaging was done separately for each subject and trial, using a fixed time-frequency-sensor triplet resulting from the significant time-channel clusters derived from group-level statistics and the predetermined alpha frequency (8-12 Hz). Trials of each subject were sorted from low to high alpha power and divided into 5 bins (Linkenkaer-Hansen et al. 2004; Jones et al. 2010; Lange et al. 2012 Lange et al. , 2013 . For each bin and subject, we calculated the average temporal perceptual discrimination rate and normalized the resulting value for each bin to the individual average temporal perceptual discrimination rate across all bins by first subtracting and then dividing by the individual averaged temporal perceptual discrimination rate across all trials. This resulted in a percentage change relative to the normalized mean across all bins for each subject (Linkenkaer-Hansen et al. 2004; Lange et al. 2012 Lange et al. , 2013 . For each bin, average power and SEM were computed over all subjects. Linear and quadratic functions were fitted to the data to determine the best fit (Linkenkaer- Hansen et al. 2004; van Dijk et al. 2008; Jones et al. 2010; Lange et al. 2012 Lange et al. , 2013 . Average temporal perceptual discrimination rates in the respective bins were statistically compared by applying a one-way repeated-measures ANOVA and post hoc t-tests.
Additionally, we investigated the correlation of prestimulus power and confidence ratings. The analysis was conducted as stated above, with the following exceptions. To separately determine the relation between prestimulus power and confidence rating for correctly and incorrectly perceived trials, we divided the trials with intermediate SOA regarding their decisional outcome, that is, correctly and incorrectly perceived trials were analyzed separately. For each bin, we calculated the average confidence rating and normalized the result in each bin to the average confidence rating across all trials with the respective decisional outcome. Finally, the average confidence ratings were averaged over subjects. Likewise, linear and quadratic functions were fitted to the data.
Further, we separated the significant channels in 2 clusters (anterior/somatosensory vs. parieto-occipital; see above and inset of Fig. 2B ) based on their spatiotemporal characteristics and performed the correlation analysis with power values averaged over the channels of these separated sensor-clusters.
Relation Between Decision Variable, Prestimulus Power, and Poststimulus ERFs
To examine the neural dynamics of perceptual decision making under conditions with suboptimal evidence accumulation and ambiguous stimulus perception, we studied the relation of poststimulus ERFs, prestimulus alpha power and decisional outcome. Perceptual decisions can be conceptualized as a process in which sensory evidence for a decision accumulates over time in a decision variable until a decision bound is reached, followed by a particular response selection (Gold and Shadlen 2007; Ratcliff and McKoon 2007; Kiani and Shadlen 2009 ). Recent works in human electrophysiology suggest that such decision variables are reflected in poststimulus event-related potentials (e.g., VanRullen and Thorpe 2001; O'Connell et al. 2012) . Since event-related potentials/fields resemble a population-based measure of neuronal activity (Hari and Kaukoranta 1985) , this is further supported by studies that identify signals from multiple neurons as basis of behavioral decisions (Britten et al. 1996) . We hypothesized that, in trials with intermediate SOA, the total accumulation of sensory evidence would remain below any decisional bound due to insufficient sensory information in favor of any decision, therefore requiring forced-choice decisions. We aimed to assess these decision variables in poststimulus ERFs. Additionally, confidence levels should be a function of the distance of the decision variable to the decision bounds, with closer proximity of the decision variable to the respective decision bound resulting in higher confidence. Moreover, we hypothesized that prestimulus alpha power modulates the distance of the decision variable to the respective decision bounds.
To compute ERFs, preprocessed data were filtered between 2 and 40 Hz, the mean of each epoch was removed from each trial, and these data were averaged across trials. For each subject, ERFs were computed for all sensors that showed a significant difference between decisional outcomes (as shown in Fig. 2B ). Additionally, we separated the significant channels in 2 spatial clusters (anterior/somatosensory vs. parieto-occipital, see inset of Fig. 2B ) based on their spatiotemporal characteristics and calculated ERFs for all sensors of the respective sensor-cluster separately. To avoid cancelation effects when averaging across sensors and subjects, the signals of the 2 orthogonal sensors of each gradiometer pair were combined by taking the root mean square of the signals in the time domain (e.g., van Dijk et al. 2008; Lange et al. 2012) , resulting in 102 gradiometer pairs. Poststimulus ERFs were baseline corrected by subtracting the mean of the prestimulus period (−900 to 0 ms). First, we determined potential poststimulus decision boundaries in the poststimulus ERFs. To this end, we computed ERFs for the 2 conditions with 0 and 100 ms SOA as they provided the most unambiguous perception of 1 and 2 stimuli. Only trials with correct responses (i.e., perceived 1 stimulus for trials with SOA 0 ms and perceived 2 stimuli for trials with SOA 100 ms) were included in this analysis, with conditions subsequently labeled as 0ms-1 and 100ms-2. We statistically compared the ERFs in the poststimulus period (0-300 ms) to identify time periods that maximally discriminated between these 2 reference conditions with 0 and 100 ms SOA. We used a nonparametric statistical test which effectively controls for the Type I error rate due to multiple comparisons across time points in line with the procedure described above (for details, see Time-Frequency Analysis). In brief, we calculated the difference between both ERFs for each subject, followed by a group-level statistic testing the consistency of the differences across subjects against a reference null distribution based on 1000 random sets of permutations regarding the 2 experimental conditions.
Next, we examined whether the ERFs reflect a decision variable that is independent of sensory input, but differing according to subject's decisional outcome. To this end, we sorted trials with intermediate SOA in trials with correct and incorrect responses. We hypothesized that due to their ambiguity and insufficient accumulation of sensory evidence, the decision bounds (i.e., ERFs of conditions 0ms-1 and 100ms-2) will not be reached in trials with intermediate SOA. Nonetheless, because of the implemented forced-choice task, subjects are forced to make the decision with a particular level of uncertainty. We hypothesized that confidence levels should be a function of the distance of the decision variable to the decision bounds, with closer proximity of the decision variable to the respective decision bound resulting in higher confidence. Moreover, we hypothesized that prestimulus alpha power has a distinguishable effect on the decision variable. Since prestimulus alpha power significantly influenced temporal perceptual discrimination and confidence ratings (Fig. 3A,B) , an effect of prestimulus alpha power should be visible in the poststimulus decision variable. We hypothesized that prestimulus alpha power modulates the distance of the decision variable to the respective decision bounds (Fig. 4B) . To this end, we averaged prestimulus alpha power across those time points and sensors that showed a significant difference between decisional outcomes (see above, Fig. 2B ) and grouped the trials with intermediate SOA into correct and incorrect trials with either high and low prestimulus alpha power. This resulted in 4 different conditions: low prestimulus alpha power and perceived 2 stimuli (subsequently labeled low α-2), high prestimulus alpha power and perceived 2 stimuli (high α-2), low prestimulus alpha power and perceived 1 stimulus (low α-1), high prestimulus alpha power and perceived 1 stimulus (high α-1). We then computed poststimulus ERFs for each of these conditions.
To quantify the relation between these conditions, we chose 2 parallel approaches to determine a time window of interest. In the first approach, we averaged ERF amplitudes for each condition over those time points showing a significant difference between the conditions 0ms-1 and 100ms-2 (i.e., 145-171 ms; see above and Fig. 4A ; see Supplementary Fig. 1 for the complete ERF time courses of all conditions). In the second approach, we determined the time point of maximum amplitude difference between the conditions 0ms-1 and 100ms-2 within those time points showing a significant difference between the conditions (150 ms). Please see the Discussion section for a further discussion on the selection criteria for the time window of interest. We averaged ERF amplitudes for each condition over the 10 ms that precede this time point of maximal difference (i.e., 140-150 ms). The rationale of this approach was that decision variables are thought to increase until a decision bound is reached and decline again afterwards to baseline (Kiani and Shadlen 2009; O'Connell et al. 2012) . Thus, the time point of maximal difference between the reference conditions and the preceding time window should be the best predictor of the decision process (see model in Fig. 4B ).
For the additional analyses based on separated sensor-clusters, significant differences between the conditions 0ms-1 and 100ms-2 could be demonstrated from 139 to 172 ms (see Fig. 4D ) and the point of maximum amplitude difference was located at 151 ms for the anterior/somatosensory sensor-cluster. For the parieto-occipital cluster, no significant differences between the conditions 0ms-1 and 100ms-2 could be demonstrated (see Fig. 4F ). To ensure that the absence of significant differences for the parieto-occipital cluster did not result from low statistical power due to a lower number of channels in this cluster ( parieto-occipital cluster: 7 channel pairs, anterior/somatosensory sensor-cluster: 20 channel pairs), we further compared the conditions 0ms-1 and 100ms-2 for a random selection of 7 channel pairs from the anterior/somatosensory sensor-cluster. The results of this analysis reproduced the significant differences between the conditions 0ms-1 and 100ms-2 (139-169 ms; data not shown) as well as a significant negative linear correlation for the ordered averaged ERFs (i.e., 100ms-2, low α-2, high α-2, low α-1, high α-1, 0ms-1; r = −0.96, P < 0.01 for time window 139-169 ms; r = −0.87, P < 0.05 for time window 139-149 ms; data not shown). Based on these results, we conclude that the absent significant difference between the conditions 0ms-1 and 100ms-2 for the parieto-occipital cluster cannot be generally explained by the smaller number of channels in this cluster, but instead must be mainly attributed to the absence of decision-related ERF components in the parieto-occipital sensor-cluster.
For both sensor sets (all significant sensors and the anterior/ somatosensory sensor-cluster), we subsequently ordered the conditions regarding the expected averaged ERF amplitudes (100ms-2, low α-2, high α-2, low α-1, high α-1, 0ms-1) and fitted a linear regression to the data to determine a linear trend (Fig. 5) . Due to the a priori difference of the conditions 100ms-2 and 0ms-1, we performed an additional analysis in which we excluded these conditions from the regression analysis. Hence, the regression analysis was additionally calculated for the ordered intermediate conditions (low α-2, high α-2, low α-1, high α-1) only. Averaged ERF amplitudes were statistically compared by applying a one-way repeated-measures ANOVA. Because no time window showing a significant difference between the conditions 0ms-1 and 100ms-2 was found for the parieto-occipital sensorcluster, we refrained from performing this analysis for the parieto-occipital sensor-cluster.
Finally, we calculated the average confidence ratings per subject for each condition and averaged the mean confidence levels per condition over all subjects. Since confidence levels should be a function of the distance of the decision variable to the respective decision bounds (i.e., low α-2 and high α-2 to 100ms-2; low α-1 and high α-1 to 0ms-1, see Fig. 4B ), we calculated the mean power difference of each intermediate condition (i.e., low α-2, high α-2, low α-1, high α-1) from the respective decision bounds averaged over the time window showing a significant difference between the conditions 0ms-1 and 100ms-2 (i.e., 145-171 ms) and the time window preceding the point of maximum amplitude difference between the conditions 0ms-1 and 100ms-2 (i.e., 140-150 ms, Fig. 5C ). We plotted the distance of the decision variables to the respective decision bounds and related it to the mean confidence levels per condition over all subjects. Subsequently, we fitted a linear regression to the data to determine a linear trend. Additionally, we performed this analysis with amplitude values calculated for the time windows based on the anterior/somatosensory sensor-cluster (i.e., 139-172 ms; 141-151 ms, Fig. 5F ). Due to the fact that, for the parieto-occipital sensor-cluster, no 
Insets show results of the linear regression analyses (black and gray lines).
Higher number bins indicate higher spectral power. Error bars represent SEM. **P < 0.01, *P < 0.05. time window showing a significant difference between the conditions 0ms-1 and 100ms-2 was found, we refrained from performing this analysis for the parieto-occipital sensor-cluster.
Results
Behavioral Results
Subjects performed a forced-choice temporal perceptual discrimination task ( Fig. 1) and had to report how many electrical stimulations applied to their left index finger they perceived. For SOAs of 0 and 100 ms, subjects made only negligible errors (SOA 0 ms: 92.3 ± 1.8% [mean ± SD] correct reports; SOA of 100 ms: 93.8 ± 2.7% correct reports). For intermediate SOAs, subjects correctly perceived stimulation in approximately half of the trials (56.7 ± 3.2% correct reports). The response distribution of each condition did not significantly differ from a Gaussian distribution (P > 0.05). Statistical testing revealed highly significant differences regarding temporal perceptual discrimination rates between the intermediate condition and the 0 ms (t (15) = 10.086, P < 0.0001) as well as the 100 ms condition (t (15) = 11.811, P < 0.0001). Overall, the absolute influence of learning/fatigue is negligible. No significant linear trends indicating learning or fatigue effects could be determined for average temporal perceptual discrimination rate (r = 0.49, P > 0.05, Supplementary Fig. 2A ) or confidence ratings (r = 0.55, P > 0.05, Supplementary Fig. 2B ).
Time-Frequency Analysis
We studied the role of prestimulus alpha-band oscillations (8-12 Hz) on temporal perceptual discrimination. We focused on trials with intermediate SOA and compared alpha power in the prestimulus period (−900 to 0 ms) between correctly and incorrectly perceived trials. The exploratory time-frequency analysis confirmed a prominent alpha effect in the prestimulus period ( Fig. 2A) . Prestimulus alpha power was found to be statistically significantly decreased if subjects correctly perceived the stimulation as 2 stimuli compared with incorrectly perceived trials (P < 0.05, Fig. 2B ). Significant differences were most evident for anterior/somatosensory and parieto-occipital sensors contralateral to stimulation site between −900 and −250 ms. Particularly, the topographical location of the effect shifted over time, with significant decreases in both contralateral anterior/somatosensory and parieto-occipital sensors at the beginning of the prestimulus epoch (−900 to −500 ms), compared with a decrease of power in more posterior sensors in the later prestimulus epoch (−400 to −250 ms). Note that, although both sensor-clusters show a 
Source Reconstruction
To identify the underlying cortical sources of the aforementioned significant effect, we applied a beamforming approach. We identified one source mainly located in contralateral postcentral gyrus (Brodmann area 3, Fig. 2C ). A second cluster was found in the contralateral middle occipital region, encompassing Brodmann areas 19, 21, and 39.
Correlation of Prestimulus Power, Perceptual Decisions, and Confidence Ratings
To determine more precisely the relation of prestimulus alpha power and subjective perception, we performed a correlation analysis. We computed single-trial power averaged over alpha frequencies and significant sensor-time points (time window: −900 to −250 ms, see Fig. 2B ). Trials were sorted from low to high power and divided into 5 bins. Response probabilities for each bin were calculated as the percentage change in temporal perceptual discrimination rate from the mean, normalized per subject to the individual mean temporal perceptual discrimination rate over all bins.
We found a significant negative linear relationship between prestimulus alpha power averaged over all sensors showing a significant alpha power difference between correctly ( perceived 2 stimuli) versus incorrectly ( perceived 1 stimulus) perceived trials with intermediate SOA and subjects' perceptual decisions (r = −0.94, P < 0.05, Fig. 3A) . In other words, probability of correctly perceiving the stimulation as 2 temporally separate stimuli was greater during trials with lower prestimulus alpha power. A one-way repeated-measures ANOVA revealed a significant main effect (P < 0.05). Post hoc t-tests revealed significant differences between bin1 versus bin4 (t (15) = 3.049, P < 0.01), bin1 versus bin5 (t (15) = 3.096, P < 0.01), bin2 versus bin4 (t (15) = 2.545, P < 0.05), and bin3 versus bin4 (t (15) = 2.142, P < 0.05). No significant quadratic relationship between prestimulus alpha power and subject's perceptual decisions was found (r = 0.94, P = 0.11). In addition, we performed the same analysis with power values averaged over the sensors of the spatiotemporally separated sensor-clusters (anterior/somatosensory vs. parieto-occipital). For the anterior/ somatosensory sensor-cluster, both linear (r = −0.97, P < 0.01) and quadratic (r = 0.99, P < 0.05) fits for the relationship between prestimulus alpha power and subjects' perceptual decisions were significant. A one-way repeated-measures ANOVA revealed an effect on trend level (P = 0.1). Post hoc t-tests revealed significant differences between bin1 versus bin4 (t (15) = 2.74, P < 0.05), bin1 versus bin5 (t (15) = 2.14, P < 0.05), and bin2 versus bin4 (t (15) = 2.32, P < 0.05). Similarly for the parieto-occipital sensor-cluster, both linear (r = −0.96, P < 0.05) and quadratic (r = 0.99, P < 0.05) fits for the relationship between prestimulus alpha power and Fig. 2B ; time window 141-151 ms, Fig. 4D,E) . In A, B, D, and E conditions are ordered according to the hypothesized decision model (Fig. 4B) . Insets in A, B, D, and E show results of the linear regression analyses (black lines) based on all 6 conditions (i.e., 100ms-2, low α-2, high α-2, low α-1, high α-1, 0ms-1). Note that the additional regression analyses excluding the 100ms-2 and 0ms-1 conditions similarly demonstrate a significant negative linear correlation (P < 0.05; regression lines not shown) for the ordered intermediate ERFs (i.e., low α-2, high α-2, low α-1, high α-1) for all 4 time windows (145-171, 140-150, 139-172, 141-151 ms) . Insets in C and F show results of the linear regression analyses (black lines). subjects' perceptual decisions were significant. No significant effect was found by a one-way repeated-measures ANOVA (P = 0.15). Post hoc t-tests revealed significant differences between bin1 versus bin4 (t (15) = 2.47, P < 0.05).
In a similar analysis, we investigated the correlation between prestimulus alpha power and subjects' level of confidence regarding their perceptual decisions. We found a significant negative linear relationship between prestimulus alpha power averaged over all sensors showing a significant alpha power difference between correctly ( perceived 1 stimuli) versus incorrectly ( perceived 1 stimulus) perceived trials with intermediate SOA and confidence ratings for correctly perceived trials (r = −0.88, P < 0.05, Fig. 3B ) and a strong trend toward a significant positive linear correlation for incorrectly perceived trials (r = 0.81, P = 0.095). No significant quadratic relationship between prestimulus alpha power and subjects' confidence ratings was found (correct trials: r = 0.95, P = 0.1; incorrect trials: r = 0.94, P = 0.11). For the anterior/somatosensory sensor-cluster, a significant negative linear relationship between prestimulus alpha power and confidence ratings for correctly perceived trials (r = −0.92, P < 0.05) could be demonstrated, while no significant effect was found for incorrect trials (r = 0.6, P = 0.28). For quadratic relationships between prestimulus alpha power and subjects' confidence ratings, no significant fit was found (correct trials: r = 0.92, P = 0.14; incorrect trials: r = 0.8, P = 0.35). Finally, no significant linear or quadratic relationship between prestimulus alpha power and confidence ratings could be demonstrated for the parieto-occipital cluster, neither for correct (linear: r = −0.49, P = 0.41; quadratic: r = 0.59, P = 0.65) or incorrect trials (linear: r = 0.73, P = 0.17; quadratic: r = 0.94, P = 0.11).
Relation Between Decision Variable, Prestimulus Power, and Poststimulus ERFs
We investigated if poststimulus ERFs show characteristics of a decision variable and the influence of prestimulus alpha power on these variables. We analyzed poststimulus ERFs by applying a boundary-crossing decision-making model O'Connell et al. 2012) . To this end, we estimated decision bounds for the unambiguous perception of 1 and 2 stimuli by calculating poststimulus ERFs from all correct trials of the 0 and 100 ms SOA conditions, subsequently labeled 0ms-1 and 100ms-2. Statistical comparison revealed a significant difference between both ERF amplitudes between 145 and 171 ms (P < 0.05), indicating that the 2 signals significantly diverge during this time window (Fig. 4A) . The spatial distribution of the stimuli-evoked ERFs for those time points showing a significant difference between the conditions 0ms-1 and 100ms-2 (i.e., 145-171 ms) revealed highly similar patterns of activity over conditions ( Supplementary Fig. 3 ).
According to our hypothesis, these ERFs should reflect the lower and upper boundaries for decisions toward 1 and 2 stimuli, respectively. ERFs of trials with intermediate SOA should be located in between these boundaries and the distance toward the respective boundary should reflect the perceptual decision as well as the confidence in the decision (Fig. 4B) . The results demonstrate that, despite physically identical stimulation, the ERFs of trials with intermediate SOA differ with respect to subjects' perception and prestimulus alpha power (Fig. 4C ). In line with our hypothesis, we found a significant negative linear correlation for the ordered averaged ERFs (i.e., 100ms-2, low α-2, high α-2, low α-1, high α-1, 0ms-1), indicating a monotonic decrease in amplitude from the 100ms-2 condition to the 0ms-1 condition (r = −0.93, P < 0.01 for time window 145-171 ms, Fig. 5A ; r = −0.96, P < 0.01 for time window 140-150 ms, Fig. 5B ). An additional regression analysis which excluded the 100ms-2 and 0ms-1 conditions also revealed a significant negative linear correlation for the ordered averaged intermediate ERFs (i.e., low α-2, high α-2, low α-1, high α-1), indicating a monotonic decrease in amplitude from the low α-2 condition to the high α-1 condition (r = −0.97, P < 0.05 for time window 145-171 ms, see also captions Fig. 5 ; r = −0.98, P < 0.05 for time window 140-150 ms, see also captions Fig. 5) . A one-way repeated-measures ANOVA revealed a strong trend toward a significant main effect (P = 0.065) for the analysis of the time window 145-171 ms. No significant effect was found for the time window 140-150 ms.
For the additional regression analysis performed on the anterior/somatosensory sensor-cluster (Fig. 4D,E) , a significant negative linear correlation for the ordered averaged ERFs (i.e., 100ms-2, low α-2, high α-2, low α-1, high α-1, 0ms-1) could be demonstrated (r = −0.99, P < 0.001 for time window 139-172 ms, Fig. 5D ; r = −0.97, P < 0.01 for time window 141-151 ms, Fig. 5E ). The negative linear correlations remained significant under exclusion of the 100ms-2 and 0ms-1 conditions (r = −0.99, P < 0.001 for time window 139-172 ms, see also captions Fig. 5 ; r = −0.97, P < 0.05 for time window 141-151 ms, see also captions Fig. 5) . A one-way repeated-measures ANOVA revealed a significant main effect for both time windows (P < 0.05 for time window 139-172 ms; P < 0.05 for time window 141-151 ms). Because no time window showing a significant difference between the conditions 0ms-1 and 100ms-2 was found for the parieto-occipital sensor-cluster (see Fig. 4F ), we refrained from performing the regression analysis for the parieto-occipital sensor-cluster.
We further related the average confidence ratings per condition to the distance of the decision variables to the respective decision bounds. According to our hypothesis, the average confidence ratings per condition should increase with closer proximity of the decision variables to the respective decision bounds (see Fig. 4B ). While for the time window from 145 to 171 ms, no significant linear relation between confidence ratings and distance of the decision variables to the respective decision bounds could be demonstrated (r = 0.43, P = 0.57), a strong trend toward a significant negative linear relation (r = −0.95, P = 0.053) was evident for the time window from 140 to 150 ms (Fig. 5C ). For the critical time windows based on the anterior/somatosensory sensor-cluster, a significant negative linear relation could only be demonstrated for the time window from 141 to 151 ms (r = −0.96, P < 0.05, Fig. 5F ). For the time window from 139 to 172 ms, no significant linear fit was found (r = −0.24, P = 0.84). Regarding the time windows before the point of maximum amplitude difference (140-150 ms for all significant sensors, 141-151 ms for the anterior/somatosensory sensor-cluster), in agreement with our hypothesis a closer distance to the reference conditions resulted in higher confidence ratings. Because no time window showing a significant difference between the conditions 0ms-1 and 100ms-2 was found for the parieto-occipital sensorcluster, we refrained from performing this analysis for the parietooccipital sensor-cluster.
Discussion
We investigated the influence of prestimulus alpha activity on the temporal perceptual discrimination of suprathreshold tactile stimuli, the confidence in perceptual decisions and the underlying neuronal decision variable. Subjects received 1 or 2 tactile stimuli with different SOAs. In a forced-choice task, subjects reported their perceptual decision and their confidence in this decision.
Subjects frequently misperceived stimulation as 1 stimulus for trials with intermediate SOA, indicating perceptual ambiguity despite physically identical stimulation. For these trials with intermediate SOA, correct perception of 2 separate stimuli was correlated with a decrease of alpha power (8-12 Hz) relative to incorrectly perceived trials. This effect was evident before onset of stimulation (−900 to −250 ms) mainly in the contralateral postcentral gyrus ( presumably primary somatosensory cortex) and the contralateral middle occipital region. Additionally, prestimulus alpha power correlated with subjects' confidence ratings. For correctly perceived trials, high confidence ratings correlated with low prestimulus alpha power. Contrarily, for incorrectly perceived trials, high confidence ratings correlated with high prestimulus alpha power. Finally, poststimulus ERFs at ∼150 ms revealed characteristics of a decision variable. In summary, we found: 1) Poststimulus ERFs at ∼150 ms reflect perceptual decisions and subjects' confidence in their decisions rather than pure sensory evidence. 2) ERFs for all conditions were in line with an accumulation-to-bound model in which sensory evidence is accumulated in a decision variable (Gold and Shadlen 2007) . In trials with ambiguous, intermediate SOA, ERFs of correctly perceived trials were closer to the putative categorical decision bound for perceiving 2 stimuli while incorrectly perceived trials were closer to the categorical decision bound for perceiving 1 stimulus. 3) Due to their perceptual ambiguity, stimuli with intermediate SOA provided only incomplete sensory evidence, resulting in incomplete evidence accumulation and hence ERFs did not cross the decision bound. 4) Incomplete evidence accumulation resulted in lower confidence as reflected in the ERFs. 5) The variability of ERFs, decisions, and confidence ratings is biased by fluctuations of prestimulus alpha power. 6) Finally, the above-mentioned results could be replicated only for the anterior/somatosensory sensor-cluster after separating the sensors of interest. Therefore, it appears that mainly the somatosensory cortex areas account for the decision-related components visible at ∼150 ms.
We estimated the poststimulus categorical decision boundaries by calculating significant differences between ERFs of the reference conditions 0ms-1 and 100ms-2. One might argue that these conditions differ not only by subjects' decisions but also by sensory evidence (1 stimulus vs. 2 stimuli), and thus, our putative decision variable might reflect sensory input rather than decisional processes. However, we demonstrate that ERFs around ∼150 ms for trials with intermediate SOA, that is, with constant stimulation, correlate with perceptual decisions rather than sensory input.
Several studies have reported an inverted U-shaped relationship between prestimulus alpha power and perceptual performance, with intermediate alpha levels resulting in best performance levels (Linkenkaer-Hansen et al. 2004; Zhang and Ding 2009; Lange et al. 2012) . On the contrary, other studies emphasize a linear relationship, with lower power levels being related to better performance (Thut et al. 2006; Hanslmayr et al. 2007; Schubert et al. 2008; van Dijk et al. 2008; Mathewson et al. 2009; Jones et al. 2010) . In the present study, linear as well as quadratic fits were applied to the data. For most analyses, both linear and quadratic fits were significant for the correlation of prestimulus alpha power and perceptual decisions for the anterior/somatosensory and the parieto-occipital sensor-cluster. This demonstration of both linear and quadratic dependencies hinders a final conclusion on this matter. It remains to be seen if future studies can clarify the relevant factors in terms of neuroanatomical region or experimental conditions favoring one dependency over the other.
Notably, the majority of previous studies used near-threshold stimuli and relied on conditions where stimuli are either perceived or not perceived. Thus, subjects had to report whether or not stimulation is perceived, irrespective of its content. Here, we contrasted 2 different perceptual qualities with suprathreshold intensities, since subjects had to report whether they perceived 1 stimulus or 2 stimuli. Our paradigm therefore focuses on temporal discrimination and employs temporal ambiguity, with identical suprathreshold stimulation resulting in varying perceptual decisions. Hence, the present study provides critical extensions to the aforementioned studies.
Our results are in line with several studies reporting a correlation of prestimulus alpha power and detection or discrimination of near-threshold stimuli (e.g., Linkenkaer-Hansen et al. 2004; Zhang and Ding 2009; Jones et al. 2010 ). We critically extend these studies by demonstrating that alpha power influences also the temporal resolution of perception. Although formerly interpreted as correlate of cortical idling (Pfurtscheller et al. 1996) , alpha activity has recently been suggested to gate neuronal processing by functional inhibition of task-irrelevant areas (Jensen and Mazaheri 2010; Jensen et al. 2012) and/or by modulating cortical excitability (Thut et al. 2006; Romei, Rihs et al. 2008; Lange et al. 2013) , resulting in more efficient neuronal stimulus processing in task-related neuronal groups. By using 2 clearly suprathreshold stimuli, we demonstrate that prestimulus alpha power extends the role of a simple binary switch between inhibition and processing. Rather, it modulates the quantity (1 stimulus or 2 stimuli, e.g., Lange et al. 2013; Keil et al. 2014 ) and the subjective quality (i.e., confidence) of perception continuously. This continuous modulation is reflected in confidence ratings, providing a more fine-grained scale of the decision process.
Prestimulus alpha power can be modulated by attention or expectation (Foxe et al. 1998; Worden et al. 2000; Jones et al. 2010; Anderson and Ding 2011; Haegens et al. 2012) . In line with these results, recent studies demonstrated that prestimulus alpha power is predictive of perceptual performance in attention-based tasks O'Connell et al. 2009 ). While we did not explicitly modulate attention in our study, we suggest that spontaneous fluctuations of attention or arousal modulate prestimulus alpha power and thus influence perception and confidence. Further, it seems that such fluctuations are distinguishable from general training effects, since we did not find significant learning/fatigue trends for either perception or confidence.
We found alpha power to differ significantly in the prestimulus period in the contralateral postcentral gyrus and contralateral middle occipital region. Differential alpha-band activity in the postcentral gyrus ( presumably primary somatosensory areas) has been found for other tactile tasks (e.g., Zhang and Ding 2009; Jones et al. 2010; Lange et al. 2012) . Here, we extend the role of the postcentral gyrus to temporal perceptual discrimination of 2 subsequently presented stimuli. Since we applied only tactile stimuli and a tactile decision task, the significant alpha-band effect in visual areas might seem surprising. However, our results are in line with findings from a tactile spatial attention task, showing that in the absence of visual stimulation, attention to tactile stimulation resulted in suppression of alpha-band power in occipital areas (Bauer et al. 2006) . Similarly, a recent study indicates that task-relevant spatial attention in one sensory domain affects oscillatory activity in other domains (Bauer et al. 2012) . In accordance to these findings, a recent study demonstrated that parieto-occipital activation in the alpha band is linked to spatial attention across modalities (Banerjee et al. 2011 ).
In line with these results, the power differences in the contralateral middle occipital region can also be interpreted as correlate of global attention, thus not restricted to the somatosensory domain. This is supported by classical findings which localize the central generator of alpha rhythms in parieto-occipital areas (e.g., Salmelin and Hari 1994; Manshanden et al. 2002) , independent of task requirements. The explanation is further strengthened by our findings that the decision-related ERF components could only be found for the anterior/somatosensory sensorcluster, but not in the parieto-occipital cluster. This indicates that the parieto-occipital sensor-cluster, although showing significant power differences between perceptual conditions, is not central for decision-related processes. The influence of prestimulus alpha on decision variables is also in line with a recent EEG study (Lou et al. 2014) . In this study, the influence of prestimulus activity is seen as top-down attention-based modulation, indicating that the sensory evidence is comprised of stimulus information and attentional state.
We demonstrate that prestimulus alpha power does not only correlate with perceptual decisions, but also with the subjective quality of such decisions. If alpha power was low, subjects were more confident with their decisions, but notably only for correctly perceived stimuli. Contrarily, if stimulation was perceived incorrectly, low alpha power correlated with low confidence. This seemingly contradictory result can be explained by a decision model. It has been proposed that sensory evidence is accumulated over time in a decision variable until a decision bound is reached (e.g., Shadlen and Newsome 2001) . Here, we used such a decision-to-bound model to examine poststimulus decision variables. We hypothesized that due to the ambiguity of sensory evidence the decision variable does not cross a decision bound. Further, fluctuations of prestimulus alpha power should influence the decision variable and the confidence in perceptual decisions, if sensory evidence was insufficient to reach a decision bound. We identified this proposed pattern of a decision variable in poststimulus ERFs at ∼150 ms. Despite identical stimulation, poststimulus ERFs of trials with intermediate SOA differed according to the decisional outcome. While neither condition reached the categorical decision bound, the distance of the decision variable to the respective decision bounds determined the decisional outcome.
We identified perceptual decision-related components in the somatosensory domain, that is, differences in ERF amplitudes for conditions with physically similar stimulation parameters that discriminated between perceptual reports, as early as ∼150 ms. Other recent studies addressing perceptual decision making in the visual domain report decision-related neural activity at later time points (∼300 ms) and relate earlier components to low-level stimulus processing mechanisms Lou et al. 2014) . Such stimulus processing mechanisms can hardly fully explain our results, since our stimulation parameters remained constant for trials with intermediate SOA. An early decision-related component is further supported by studies where early components around ∼75-80 ms were shown to discriminate between high-level properties such as semantic category and components around ∼150 ms discriminate between target and nontarget conditions (and hence task-specific decision-related demands), independent of visual category (VanRullen and Thorpe 2001) . In line with these results, the present components around ∼150 ms can be interpreted as a correlate of the subjects' perceptual recognition and subsequent decision, not merely as stimulus-related bottom-up processing. However, it is important to keep in mind that somatosensory processing presumably does not end after the aforementioned component, but it appears that at this time point sufficient information for a perceptual decision is accumulated. Kiani and Shadlen (2009) recorded neuronal activity in monkey lateral intraparietal cortex during a decision-making task. If the monkey chose to opt out, that is, at low confidence levels, neural activity was at an intermediate level between decision bounds. We used a more detailed confidence rating and found that subjects' confidence correlated with the distance to a decision bound. This suggests that categorical decision making and confidence estimation can be a simple and fast inherent property of the same process (e.g., Kepecs et al. 2008; Kiani and Shadlen 2009 ), rather than a serial process requiring additional steps or higher (meta) cognitive functions (e.g., Grinband et al. 2006; Yeung and Summerfield 2012) .
Additionally, we found poststimulus ERFs to interact with prestimulus alpha levels. Low prestimulus alpha levels shifted the decision variable towards the decision bound for 2 perceived stimuli, independent of decisional outcome. For correctly perceived intermediate SOA trials, low prestimulus alpha power increased confidence, because the distance between the decision variable and the decision bound for 2 perceived stimuli decreased. Contrarily, for incorrectly perceived intermediate SOA trials, low prestimulus alpha power decreased confidence, because the distance between the decision variable and the decision boundary for 1 perceived stimulus increased. The influence of prestimulus alpha power on poststimulus ERFs is in line with recent studies (Jones et al. 2009 (Jones et al. , 2010 Anderson and Ding 2011; Lange et al. 2012) . The influence of prestimulus activity on decisions and the underlying decision variable is also in line with a recent study demonstrating that prestimulus firing rates bias decisions (Carnevale et al. 2012) . While this study considers prestimulus activity as noise fluctuations, we argue that prestimulus alpha power is a functionally relevant marker of cortical excitability that can fluctuate over time or that can be endogenously or exogenously modulated by, for example, attention, arousal, or expectation (e.g., Foxe et al. 1998; Worden et al. 2000; Thut et al. 2006; Jones et al. 2010; Anderson and Ding 2011; de Lange et al. 2011) .
In line with a recent study (de Lange et al. 2013) , we suggest that prestimulus alpha power biases the starting point of the decision variable. Thus, the decision variable is the combination of the internal brain state ( prestimulus activity) and the sensory evidence provided by the stimulus. If sensory evidence is weak or ambiguous, prestimulus activity can effectively bias decisions and confidence ratings by shifting the decision variable closer to either decision bound. The fact that prestimulus activity influences the decisional process implies that the decisionmaking process starts before stimulus presentation (Carnevale et al. 2012; de Lange et al. 2013) . Such prestimulus fluctuations can also explain why decisions, confidence ratings, or response times can vary despite physically identical stimulation.
In conclusion, our results demonstrate that the brain state, characterized by alpha power, substantially modulates temporal perceptual discrimination of tactile stimuli despite identical physical stimulation, as well as confidence in perceptual decisions. Moreover, these fluctuations in prestimulus alpha power are visible in poststimulus ERFs mainly determined by somatosensory areas, reflecting the physiological correlate of evidence accumulation in a decision variable for perceptual decisions based on insufficient and suboptimal evidence. We conclude that alpha-band activity continuously modulates the quality of processing underlying perceptual decisions, resulting in differences in temporal perceptual discrimination.
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